Scientists have devoted many efforts to study the organization and evolution of science by leveraging the textual information contained in the title/abstract of scientific documents. However, only few studies focus on the analysis of the whole body of a document. Using the whole text of documents allows, instead, to unveil the organization of scientific knowledge using a network of similarity between articles based on their characterizing concepts which can be extracted, for instance, through the ScienceWISE platform. However, such network has a remarkably high link density (36%) hindering the association of groups of documents to a given topic, because not all the concepts are equally informative and useful to discriminate between articles. The presence of "generic concepts" generates a large amount of spurious connections in the system. To identify/remove these concepts, we introduce a method to gauge their relevance according to an information-theoretic approach. The significance of a concept c is encoded by the distance between its maximum entropy, Smax, and the observed one, Sc. After removing concepts within a certain distance from the maximum, we rebuild the similarity network and analyze its topic structure. The consequences of pruning concepts are twofold: the number of links decreases, as well as the noise present in the strength of similarities between articles. Hence, the filtered network displays a more refined community structure, where each community contains articles related to a specific topic. Finally, the method can be applied to other kind of documents and works also in a coarse-grained mode, allowing the study of a corpus at different scales.
The science of science, namely the scientific study of scholar activities, leverages the availability of large amounts of data to provide a new and quantitative view of the dynamical organization of the scientific community and of its activities. It has been possible, for example, to study the patterns of citations between research articles [1] [2] [3] , the structure of scientific collaborations [4, 5] , their stratification and geographical distribution [6] [7] [8] [9] , and to identify the best contributions and most successful actors [10] [11] [12] [13] .
Unfortunately, the wealth of data that makes the science of science possible is turning, in recent times, into a serious issue for scientists [14] [15] [16] . It has become clear that, in order to stay up to date with the advances within a given discipline, reading all the newly published documents would require an excessive amount of time, enforcing the decision to read only those documents that can be considered of relevance.
To assist researchers in such selection process, several tools have been developed throughout the years [17] . Most of them make use of the meta-information attached to the documents (title, abstract, keywords, references and so on) to recommend selected contents. However, the amount of information available in a title, or an abstract, may not be enough to identify the topic a given document belongs to. A better approach is to perform a semantic analysis on a document and extract its relevant concepts [18] .
The classification of documents according to their main "topic" has attracted the interest of the scientific community [19] [20] [21] [22] . One of the most recent attempts to create such classification is the ScienceWISE platform 1 (SW); whose aim is: "to create a suite of convenient web-based tools that will en- * andrea.martini@epfl.ch † alessio.cardillo@epfl.ch ‡ paolo.delosrios@epfl.ch 1 http://sciencewise.info courage scientists to organize the scientific information into an ontology-like structures and make scientific papers more self-contained". To map the ontological structure of a collection of documents, they can then be considered as the nodes of a network, and the weight of their connections captures the similarity between their characterizing concepts. However, the presence of "common" concepts appearing in almost every document results in a network which is very dense, akin to an almost complete graph [23, 24] . The SW platform tries to make the pruning of "common concepts" easier by letting expert users tag them. Nevertheless, the manual curation of common concepts/buzzwords requires the allocation of a considerable portion of time for the users -assuming their willingness to cooperate. Also, the massive amount of documents, often from domains that are only weakly related (as, e.g., subdomains in physics), demands the presence of a large number of experts with vastly different competences. Furthermore, what can be considered common for an expert in a context may not be so for others, leading to ambiguities. Hence, the definition of common concepts tout-court without any objective approach may lead to biases and errors. Given these premises, an automatic filtering method able to discriminate common concepts based on objective, measurable observables would be highly desirable.
In the present manuscript, we propose an approach toward the solution of these problems. More specifically, we design a method that -given a set of documents -identifies generic concepts according to their entropies. This, in turn, allows the pruning of spurious connections between documents due to generic concepts, fostering the emergence of the underlying topic structure of the network. After introducing the method, we apply it on a collection of physics articles as well as on a collection of web texts on climate change. By performing community detection on the filtered network, we identify specific topics in a way that goes beyond a broad area classification, like arXiv categories. Our findings highlight the fact that being common is an attribute of a concept that strongly depends on the context of the collection under study, and that is non-trivially associated to its frequency within the collection itself.
I. SIMILARITY NETWORKS AND CONCEPT FILTERING
The recent advent of "big data" has triggered a flurry of activity in many disciplines such as computational social science and science of science [25, 26] . The availability of detailed metadata information attached to publication records constitutes an authentic treasure trove. Information like date, title, abstract, affiliations, keywords and bibliographies can, among other things, be used to classify manuscripts into topics by means of semantic analysis techniques [19, 20, 22] .
In this paper, we consider the network of similarity between manuscripts extracted using the SW platform (see Materials and Methods for details). We consider two distinct datasets: scientific manuscripts submitted to the arXiv 2 e-print archive in the Physics section and web texts on climate change. Given a corpus of documents N a , each document is parsed and its concepts are automatically extracted and weighted according to their relevance The set of concepts pertaining to document α is denoted by C α . Each document is then considered as a node of a network, and a link connects two nodes if there is some similarity between their contents, i.e. if they share at least one concept. The weight of the link between two nodes α and β, w αβ ∈ [0, 1], estimates the extent of such similarity.
One naive attempt to gauge the similarity of a document α with respect to the whole corpus is by counting its number of connections, i.e. its degree, k α . By computing the average degree k in both datasets (Tabs. I and Svii) we immediately see that their values are of the order of the size of the corpus N a itself. This means that, on average, one article is similar to all the others present in the corpus. Such density is due to the presence of the so-called "common concepts" (hereafter CC), which spuriously increase the weights of the connections between documents that are not, otherwise, really similar. Therefore, the widespread presence of CC is responsible for the loss of one of the major advantages of framing the system as a network, i.e. sparsity.
Several solutions to the network sparsification problem have been proposed [27] [28] [29] . All of them ensure the conservation of the statistical properties of the original network acting in an ex-post way. A more suitable approach, instead, would be to act ex-ante, directly on the process responsible for the generation of the weights. This translates into acting directly on the concepts to select only the relevant ones before computing the weights.
The SW platform has a built-in list of CC that has been prepared with the collaboration of users who are expert in Physics. In particular, these users can either tag as common those concepts that are already present on the platform, or suggest/recommend new ones. Obviously, updating the CC list requires the active cooperation of users. This task could become quite taxing, given the amount of documents and concepts to validate, and the rate at which they are deposited. More importantly, the tag of CC relies solely on the verdict of experts and does not take into account the topic composition of the corpus under scrutiny. As an example, the concept graphene could be considered as common within a corpus composed mainly of articles about Material Science. Instead, it should possibly be treated as a specific one in a corpus focused on Astrophysics. Thus, simply removing concepts that are manually declared as common might be inappropriate. The aforementioned naive example highlights the weaknesses of the current approach and, thus, calls for an alternative solution to CC tagging.
Can we design a method to automatically select relevant concepts which also accounts for the composition of the collection? To find an answer to this question, we must first sketch the identikit of our "ideal/relevant concept". A relevant concept must fulfill at least two prerequisites: i) It must neither be too frequent (i.e. be a buzzword) or too rare (too specific) in the corpus. ii) It must appear a significant number of times within a document. The first property accounts for the ability of a concept to discriminate between documents while being statistically relevant. The second property regards the concept relevance in the characterization of the content of a document. Given a corpus with N a documents, and being C = Na α=1 C α the set of all its concepts, the discriminative power of a concept c ∈ C appearing in N c documents is its document frequency df c = Nc Na . Its relevance for a given document α is measured as the term frequency tf c (α), which is the number of times c appears in α. The average term frequency of c is tf c = 1 Nc Nc α=1 tf c (α). Concepts are thus characterized in terms of their df and tf . We tessellate the corresponding two-dimensional space by imposing thresholds on df and tf to delimit regions where ubiquitous, relevant and rare concepts fall. The resulting tessellation is displayed in Figs. S1 and S6. Although being very intuitive and straightforward, imposing thresholds on df and tf is problematic for several reasons. Concepts that have been manually tagged as common in the Physics dataset do not fall in any particular location in the df / tf plane (black diamonds in Fig. S6 ). At best, they tend to follow a law that is not a simple combination of df and/or tf . Furthermore, as seen in [30] [31] [32] [33] [34] the probability that a word appears inside a text or a corpus n times tends to follow the Zipf's law [35] or, in general, to be broad, as we show in Fig. S5 . Hence, imposing a characteristic scale on scale-free quantities is not only subjective, but likely right away incorrect. These limitations call for alternative ways to filter concepts based on their microscopic behaviour.
Based on Shannon notion of information [36] , we can associate the importance of a concept to its entropy, S c , [37] [38] [39] , defined as
where q c (t) =
Nc is the probability of finding a document where concept c has tf = t. It is worth mentioning that if the length of the documents in a corpus is not constant the same approach could still be used considering the tf density, rtf = tf L , where L is the length of the document. Interestingly, concepts hand-marked as common tend to have S c higher than others with the same value of tf (Fig. 1, panel  A) , and tend to visually accumulate toward an ideal hull of the distribution of the concepts in the (S c , tf ) plane. The same behavior, even more pronounced, is observed in the case of ln(tf ) (see SI, Fig. S7 ). This observation suggests that there could be some underlying mechanism (highlighted by entropy) that pushes common concepts toward their maximum possible value. We have thus decided to check if a similar behavior could be reproduced with a Maximum Entropy Principle (MEP) approach [34, 39] and we have computed for each concept its maximum entropy S max (c) constrained by the values of tf c and ln (tf c ) (see Materials and Methods). Indeed, direct inspection for several concepts, and in particular for the ones manually tagged as common, reveals that q c (t) is well described by a power-law with cutoff, q c (t) ∝ t −s e −λt (see insets in Fig. 2 ), which is precisely the functional form expected from a maximum entropy principle with the above mentioned constraints. Remarkably, the MEP approach reveals that s = 3/2 is the most frequent value of the power-law exponent (Fig. 2) , which is the exponent typical of critical branching processes [40] . Although further investigations in this direction go beyond the scope of the present work, it is suggestive to picture the appearance of papers in the arXiv as a process where older manuscripts "inspire" ("generate", in the branching process language) new papers containing a similar number of concepts, each appearing a similar number of times.
Using entropies as a new set of coordinates, we arrange concepts on the (S c , S max ) plane as reported in Figs. 1 and S11. As expected, the majority of common concepts lay close to the S c = S max line. We exploit then this feature to design a new criterion to discriminate concepts. For each concept, we define its residual entropy S d (c) as the difference between its maximum and measured entropies S d (c) = S max (c) − S c (c). Such quantity is -up to a scaling factor -equivalent to the Kullback-Leibler divergence between the observed probability distribution, q c (t), and the maximum entropy one, p c (t), reported in Eq. 5 [41] (see SI D of SI for details). We then assign concepts to different percentiles p of the probability distribution of S d . The color of the dots in Fig. 1 , panel C, accounts for the value of p and the lower inset is the projection of the percentile information on the (df, tf ) space. Finally, we can use p as a sort of "distance" from the maximum entropy curve S c = S max , and thus consider as significant those concepts having p ≥p, and use them to build the similarity network.
A closer inspection of Fig. 1 , panel C, reveals two interesting facts. On the one hand, there are outlayer concepts that were marked as common by SW experts but that are located far from the S c = S max line. Examples are 'operational calculus', 'Fraunhofer line', 'gigawatt' and 'Gaussian symplectic ensemble' which could be thought as generic only within a very selected range of topics, but become quite specific in a corpus spanning a wider range of topics as in our dataset (see Fig. S4 ). On the other hand, there are many concepts close to the diagonal but not marked as common such as 'statistics', 'intensity', 'Hamiltonian', 'fluid dynamics', and 'scaling law' that have slipped through the attention of experts without being tagged as generic albeit being obviously so. Both cases highlight the weak points of the human based concept tagging as well as the advantages of our entropy based criterion which is, to a certain extent, almost unsupervised.
It is worth remarking that entropy has already been used in natural language processing to quantify the relevance of words within single texts [34, [42] [43] [44] . However, apart from focusing on single documents, these studies seek to understand the role played by the position of words within texts. More importantly, none of them use the difference of entropies to assess the relevance of words in discriminating the content of documents within a collection which, in turns, constitutes the cornerstone of our approach. Our ranking method differs also from another well know approach of natural language processing, namely the ranking based on the Inverse Document Frequency IDF [45, 46] , albeit the two quantities are not completely unrelated (see Sec. SII A 3 of SI). Finally, as shown in Tabs. Siv -Svi, our method can also be used to gauge the relevance of a concept within a given document.
II. RESULTS
This entropy-based objective criterion allow us discarding concepts before using them to construct the similarity network between documents, thus realizing the sought-for ex-ante approach. The consequences of concept filtering on the topology of similarity networks are displayed in Tab. I and Svii. In the case of the Physics dataset, the total number of concepts N con = |C|, as well as the number of documents having at least one concept N a decrease with p, albeit the latter remains pretty constant up to p = 30%. The link density ρ, instead, is dramatically affected. It goes from 36% to 7% when p goes from 0% to 10%. Consequently, the maximum and average degrees k max and k drop significantly with p, while the average distance between documents l increases. The increase of l with p -together with the fragmentation into distinct connected components M -is the byproduct of the existence of "cultural holes" among distinct topics of Physics and, more in general, science itself [47] . A similar trend can be observed also for the climate dataset (see Tab. Svii). The sparsification of the connection pattern implies that spurious connections are less abundant. As a direct consequence, documents on the same topic will look more akin and, hence, tend to form more tightly connected groups. Finally, the mesoscale organization of the network in groups/topics could be obtained using a community detection method [21, 48] . plane. The color of the points encodes the percentile p of the residual entropy distribution P (S d ) to which concepts belong (concepts with p > 90% are omitted). The solid line is the Sc = Smax curve. The Pearson correlation coefficient between Smax and Sc for CC is r = 0.979. The lower inset is the projection of the percentile information on the (log(df ), log tf ) plane. The row p = 0% corresponds to the original network, while p > 0% to networks filtered using the maximum entropy. In the columns we report: the percentage of filtered concepts p, the number of concepts Ncon, of documents having at least one concept Na, the link density ρ, the average k and maximum degrees kmax, the average clustering coefficient C , the average path length L and the number of connected components M .
A. Organization of documents into topics
Knowing the topic structure of a corpus is of utmost importance in platforms like Amazon, aNobii or Reddit 3 where recommendations rely on the successful classification of documents according to their contents. In the case of ScienceWISE and Physics documents, inferring the topic structure has -at least -two possible implications. On the one hand, it could be used to recommend contents to users or to cross-validate the PhySH system recently adopted by the American Physical Society to classify manuscripts [49] . On the other hand, it can be used to portray the coarse grained process of specialization undergoing in Physics and in all Science in general. To this aim, we study the evolution of the community structure of the corpus when we progressively reduce the pool of concepts using our entropic filtering. The result of the analysis is reported in the Sankey/alluvial diagram 4 of Figs. 3 and S12 [51] . In such diagram, each box represents a community and its height is proportional to the number of documents in the community. Each column refers to a different filter intensity p. The name of each community refers to the main topic (see Materials and Methods). The evolution of the community structure reveals some intriguing and interesting features. When p = 0, the detected communities clearly correspond to the major topics in physics. No finer grouping is possible at this level because of the presence of common concepts, that act as a "glue" within large communities. As p increases, there is a progressive fragmentation of topics passing from broad areas of Physics -not exactly overlapping with the arXiv classification as shown by [52] -to increasingly specific subjects at p = 20%. An example is the fragmentation of Astrophysics (p = 0%) into Stellar Physics, Planetology, High Energy Astrophysics and Solar Physics, which progressively develops up to p = 40%. Although the pruning of common concepts allows to detect smaller and more specific communities, pushing it to overly large values of p deteriorates the results. This is due to a combination of different effects. On the one hand, when too many common, or even mildly common concepts are eliminated, connections between papers end up being determined by concepts whose statistical significance is poor. On the other hand, a growing fraction of papers simply disconnect from the network ("ghost" papers). Heuristically, filtering should not proceed beyond a level p opt such that the size of the ghost-papers group exceeds the average size of all the other communities. For the Physics dataset 30% ≤ p opt ≤ 40% while for climate we have 25% ≤ p opt ≤ 30% as shown in Fig. S15 .
We have also repeated the same analysis that we have described here for the Physics corpus from the arXiv on a set of web documents about climate change. In this case, we had to slightly modify the approach by considering the probability distribution of the rescaled tf, namely the tf of concept c in paper α (tf c (α)) divided by the length of the paper (L(α)), i.e.
, because of the presence in the set of groups of documents of vastly different size. Correspondingly, the entropy had to be redefined as an integral (see SI C 2 of SI for methodological details, Secs. SII B 2 and SII B 3 for the results). Furthermore, the climate dataset was parsed for keywords, without an ontology structure. As a consequence the similarity between documents is less precise. This notwithstanding, filtering based on the entropy of keywords can still be used to generate a document network that is more tractable for community detection techniques . At the same time, the identification of concepts of different degrees of generality might be used to generate an ontology for this document corpus.
In general, the phenomenology of filtering can be grouped into three classes: i) preservation with specialization (e.g. Cond Mat/Astrophysics) i.e. when the topic of a community remains unaltered but the concepts used to characterize it are more specific; ii) splitting with specialization (e.g. Cond Mat → Graphene + Solid State) i.e. when the removal of generic concepts ends up in the fragmentation of the original topic into more specific sub-topics; iii) nucleation (e.g. Extreme weather in climate dataset) i.e. when one or more shared concepts draw documents together into a single community. Finally, we want to stress that the community structure obtained ranking concepts with the IDF and residual entropy S d are different especially for values of p higher than 10%, as shown in Figs. S9 and S10.
III. DISCUSSION
The access to the semantic content of whole documents grants an unprecedented opportunity for their classification and can improve the search of contents within huge collections. However, such opportunity comes at a hefty price: the similarity networks are extremely dense, hindering the retrieval of their topic structure/landscape. Buzzwords or common concepts are responsible for such excessive density. In the present manuscript we have presented a method based on maximum entropy to automatically select relevant concepts to filter the similarity networks and improve the topic modeling of big document corpora. According to the method, common concepts are those whose entropy is closer to their maximum one. As a consequence, the definition of common stemming from our method is more "liquid" than the one used by the SW platform since it does not rely on user validation and, more importantly, depends on the content of the documents under scrutiny. By selectively pruning a fraction p of concepts, we obtain an improved topic description of two different corpora: scientific preprints on Physics and web documents on climate change ( Fig. 3 and S12) . Finally, the entropic filtering proposed here could be applied in a recursive way on sub-corpora of documents or can be used to study the evolution in time of the generality of a concept (like graphene or Python). Last but not least, the method could be used also to improve already existing ontologies. 
IV. MATERIALS AND METHODS

A. Data
We consider two collections of documents. One containing scientific manuscripts from arXiv 5 , a repository of electronic preprints of scientific articles, and another made of web articles on climate change extracted using the underlying machinery of the ScienceWISE platform. In the case of scientific manuscripts, we selected documents submitted during year 2013 under the physics categories either as primary or secondary subjects resulting in a corpus of 52,979 articles (Tab. I). The composition of the corpus in terms of arXiv categories is reported in Tab. Si. The climate change corpus has been built selecting web documents written in English with at least 500 words, whose URLs are mentioned by -at least -20 distinct tweets (see Sec. SII B 1 of SI). Text are parsed and keywords are extracted using KPEX algorithm [53] . After that, keywords are matched with concepts available in a crowdsourced ontology accessible on the platform. The ontology has been built by initially collecting scientific 5 https://arxiv.org/ concepts from online encyclopedias and subsequently refined with manual inspection by experts. The second step is missing for climate web documents since no ontology is available in SW. The Physics dataset is composed by 11,637 concepts, from which we discarded those appearing always with the same tf ending up with 10,661 concepts, 339 of which have been marked as "common" by SW. For the climate dataset, instead, we have 152,871 keywords. By deleting those having a max(rtf ) − min(rtf ) ≤ 0.005, only 9222 keywords are left.
B. Similarity between documents
The resemblance between pairs of documents is measured using the cosine similarity of their concept vectors d. Given the set of concepts used in a corpus with N a documents, C = Na α=1 C α , the relevance of a concept c in a document is given by its term frequency tf c . For each document α, we consider a concepts vector d α , whose elements correspond to the TF-IDF of its concepts, a standard measure used in information retrieval [45, 46] . Hence, we have:
where tf c (α) is the boosted term frequency, i.e. the number of times c appears in α modulated according to the location (title, abstract, body) where it appears. The other factor, IDF c , is the Inverse Document Frequency and accounts for the frequency with which a concept appears in the corpus. In particular, IDF penalizes concepts used frequently since:
where N c is the number of papers that contain concept c. The weight w αβ of the link encoding the similarity between two documents α and β is equal to:
where · denotes the scalar product and . . . is the Euclidean norm. The weight of a link falls in the interval [0, 1], where w = 0 indicates documents sharing any concept at all (i.e. are completely different), and whose vectors form an angle θ = 90°. A value w = 1 is found if the documents not simply have the same set of concepts but use them in the same way (i.e. are identical) thus having vectors forming an angle θ = 0°. If w αβ ≤ w min we do not add the link between α and β to the similarity network. We set w min = 0.01 corresponding to an angle θ min = 89.43°, ensuring that we are pruning only connections encoding spurious similarities. Finally, we remark that using the tf or its density, rtf , to compute weights is equivalent.
Maximum entropy principle
To gauge how informative a concept can be, we calculate (using Eq. 1) its entropy S c based on the term-frequencies tf c . We have observed that concepts labeled as common in the SW platform tend to have a higher entropy with respect to other concepts having the same tf . To corroborate such regularity, we have applied the maximum entropy principle to the distribution of the term-frequencies of a concept, tf c , to determine the associated probability mass function that satisfies certain constraints. As shown in Supplementary Information, Sec. SI C, the selection of the empirical values of the first moment and log-moment, tf c and ln (tf c ) [33] , as constraints implies a probability mass function of the following form:
where Li s (e −λ ) is the polylogarithm of order s and argument e −λ , defined as:
The parameters λ and s are determined, for each concept c, imposing the constraints to Eq. 5 and solving numerically the system of equations:
Li s (e −λ ) = ln (tf c ) .
As a consequence, the maximum entropy S max is:
Community detection
To detect the community structure of the similarity network we used the Louvain method [54] , a well known greedy algorithm that finds the optimal partitioning of the system by maximizing a function named modularity introduced by Newman in [55] .
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In this section we provide the theoretical details behind our maximum-entropy based filtering method. We begin introducing the two-dimensional tessellation filtering (Sec. SI A). Then, we prove the relation between full entropy, S f , and conditional one, S c , and we motivate why we based the filtering methodology on the conditional entropy instead of the full one (Sec. SI B). After that, we provide the details of the maximum entropy models used in the main text (Sec. SI C) and we demonstrate the equivalence between the residual entropy, S d , and the Kullback-Leibler divergence between the probability distributions of empirical observations and maximum entropy model (Sec. SI D). Finally, we present the comparison between the concept lists ranked according to residual entropy S d and IDF (Sec. SI E 1) and between communities after filtering these concept lists (Sec. SI E 2).
A. Two-dimensional tessellation
As we have commented in the main text, the document frequency df and average term frequency tf (or its average density rtf ), are two features that could be used to characterize concepts. More specifically, we can use such features as coordinates of a two-dimensional space, thus classifying a concept c by the position it occupies in the ( tf c , df c ) plane. We tessellate the plane by imposing thresholds on the coordinates to delimit regions where ubiquitous, rare and relevant concepts fall as shown in Fig. S1 . We define the following tiles on the tf c − df c plane:
The domain of specific/rare concepts characterized by having small values of both df and tf .
A2:
The domain of common/ubiquitous concepts displaying high values of both df and tf .
A3:
The domain of relevant/informative concepts corresponding to those having intermediate values of df and tf .
A4: All the remaining concepts appearing within documents not enough times (on average) to be considered relevant.
If we consider each trait separately, we can divide its space into three -or more -domains denoting low, medium and high values of such trait. Specifically, we consider two values for tf c (25% and 75%), and three for df c (25%,75%, and 90%), instead. We use percentiles values since both quantities tend to have a broad distribution, hence raw values are not suitable to highlight their variability. Therefore, we can estimate the similarity between documents using only those concepts classified as relevant. Nevertheless, despite its intuitive nature, the tessellation method is not a good filtering approach since it depends on too many parameters, whose numbers and values are arbitrary. Moreover, as shown later on in Fig. S6 , the tessellation is unable to reproduce all the features of those concepts tagged as generic by ScienceWISE. Such limitations drove us to abandon the two-dimensional filtering in favors of alternative approaches.
B. Relation between full entropy and conditional entropy
The probabilistic formulation of entropy used in the main text does not contemplate as an event the absence of a concept c in a document (i.e. tf = rtf = 0). For this reason, in Eq. 1 the sum (integral) starts from tf = 1 (rtf = ε > 0). Such entropy, S c , gets labeled as conditional since it is computed under the condition that concept c appears in the document. However, it is possible to define another probability distribution including the absence event which translates into another entropy, S f , labeled as full. To construct such distribution, we consider the total number of papers in the collection, N a , while concept c appears only in N c ≤ N a . Then, we extend the tf c probability distribution by incorporating the absence event as a term that corresponds to the fraction of papers where the concept c did not appear. Such term is exactly 1 − df c , where df c = Nc Na is nothing else that the document frequency of concept c. In conclusion, the probability for the concept c appearing k
Na , where q c (0) = 1 − df c . Therefore, the full entropy associated to distribution q c (k) is:
Nc df c , we have:
where we used the normalization condition over the N c (k), i.e. k=1
Nc(k) Nc = 1. The full entropy S f is a linear combination of two entropies: the binary entropy, S bin , and the conditional entropy, S c , respectively. The first accounts for the probability of presence/absence of a concept in the collection. The second is the entropy computed in Eq. 1 of the main text but modulated by the df c .
It is natural to ask whether S f could be used to classify concepts as well as S c , or not. To this aim, in Fig. S2 we display the relation among S f and several quantities to assess if S f is a valid alternative to S c in discriminating generic concepts. More specifically, in panel (A) we display the relation between tf and S f -in analogy with Fig. 1(A) . The comparison of the two figures strikingly highlights the ability of S c to grasp the tendency of generic concepts to display higher entropies for a given value of tf . Following the parallelism with Fig. 1, in panel (B) we inspect the relation between S f and df confirming the inability of the former to discern generic concepts, alike to what displayed in Fig. 1B . One may argue that the quantities used so far -tf and df -are the most naive ones, and there could be others better suited to improve the performances of S f . However, the adoption of quantities as:
(panel E) does not change situation: a clear separation between generic concepts and the others is missing. Finally, we perform the same analysis for the first term in Eq. S1, S bin . The full entropy S f does not present a characteristic dependence for the generic concepts either on S bin , panel (F), or on its fraction explained by S bin ,
. In a nutshell, none of the relations displayed in Fig. S2 seems to provide additional clues to design a classification criterion. Hence, the full entropy S f is unfit to distinguish generic concepts, since its discriminative power is weaker than the conditional one.
C. Maximum entropy models
The maximum entropy principle provides a framework to compare the amount of information carried by concepts, as encoded by the conditional entropy S c . However, the raw value of S c , which quantifies the actual information present in the data, is not enough to establish if a concept is generic or not. Indeed, we need to fairly assess if the observed entropy S c is small or not when confronted to an expected value. Such theoretical counterpart of the observed entropy is the maximum entropy and it is associated to a theoretical distribution where some features are fixed. The required features are quantities extracted from the data and the maximum entropy distribution is then the maximally random distribution that reproduce such features. In such a way, the established features uniquely determine the maximum entropy distribution. Operationally, in order to impose the constraints FIG. S2 . Relation between the full entropy S f and other quantities. We consider: average term frequency tf (A), document frequency df (B), conditional entropy Sc (C), the contribution of conditional entropy to full one df · Sc (D), conditional entropy contribution over the full one df ·Sc S f (E), binary entropy S bin (F) and binary entropy contribution over the full one
derived from the fixed features, we adopt the Lagrangian multipliers formalism, a tool that allow to easily establish the maximum entropy distribution that fulfills the constraints. In the rest of the section, we describe two different maximum entropy models with the respective features and we detail the calculations that lead to the associated distributions.
Discrete TF
The first maximum entropy model is devised to characterize the observed term-frequency distribution of a concept, tf c . The probability that concept c appears k times in the collection is simply the fraction of papers where it is present k times, i.e.
Nc . Since the most typical feature of a distribution is its mean value, it is reasonable to consider the average term-frequency tf c as a constraint of the maximum entropy distribution. Furthermore, in the literature there have been many evidences that the term-frequency distribution spans several orders of magnitude and has a fat tail profile (see references in the main text). However, to properly describe the observed behavior, we have to include another constraint which is the average logarithm of the term-frequency, ln(tf c ) . We denote the expected probability of concept c occurring k times as p c (k). The analytical form of p c is then calculated by maximizing its entropy S max under the constraints on the average term-frequency and the average logarithm of the term-frequency, which must be equal to tf c and ln(tf c ) respectively:
In the above equation, λ is the Lagrange multiplier associated to the constraint tf c , s is the one associated to ln(tf c ) and ν is associated to the normalization condition of the probability mass function p c (k). The maximization of Eq. S2 with respect to p c (k) is performed as ∂S ∂pc(k) = 0, which gives:
Thus, the probability mass function p c is defined as:
This probability mass function corresponds to a power law with a cutoff. The power law k −s is responsible for the fat tail of the distribution, while the cutoff e −λk is likely due to the finite size of the collection of articles under scrutiny. The maximization of Eq. S2 with respect to each Lagrangian multiplier allows to impose the respective constraint. In turn, such constraints determine the parameters that appear in Eq. S4. Thus, maximizing Eq. S2 with respect to ν, ∂S ∂ν = 0, we recover the normalization condition:
In the last equation, the summation is equal to the special function called polylogarithm of order s and argument e −λ . For any value of s, e −λ ∈ C, the validity of such expression is limited to the case when the modulus of the argument is smaller than one, |e −λ | < 1. However, in the present case we are interested only on real valued parameters. Eq. S5 allows to properly normalize the probability mass function in Eq. S4 so that we obtain:
.
The maximization of Eq. S2 with respect to λ, ∂S ∂λ = 0, allows to express the constraint tf c :
Note that in the last equation we used the definition of the polylogarithm and the normalization constant obtained in Eq. S5. Finally, the constraint on ln(tf c ) is imposed by maximizing Eq. S2 with respect to s,
To derive the expression in the last line we used the identity:
From Eqs. S7 and S8 we see that both parameters λ and s are present in each of them. Since they are coupled in both equations they cannot be retrieved in an explicit form but we have to solve Eqs. S7 and S8 simultaneously through a numerical method. The details of the algorithmic implementation of the system, along with some snippets of code, are provided in SIII B 1. The maximum entropy S max associated to the probability in Eq. S6 is then:
2. Density of TF
The second maximum entropy model is conceived to represent the rescaled version of the term-frequency distribution of a concept c, denoted as rtf c . In particular, the density of the term-frequency accounts for the length L(α), in terms of words, of document α where concept c is present, rtf c (α) = tfc(α) L(α) . The term-frequency density is better suited to describe the relevance of a concept within documents when their length is inhomogeneous. In the opposite case documents exhibit a typical length scale and the usage of raw term-frequency tf c is more appropriate since it does not alter the observed frequency.
Being the term-frequency density a continuous variable we have to adopt a probability density function p c (x) to define its maximum entropy distribution. The two constraints that we set are the average and variance of the logarithm of the termfrequency density, ln(rtf c ) and σ 2 (ln(rtf c )). We take the logarithm of the term-frequency density since it is more appropriated to describe a broad distribution of values: the average of the logarithm identifies the most likely value of the distribution while the variance characterize its variability scale. The analytical expression of the probability density function p c (x) is determined by maximizing its entropy S max under the constraints on the average and variance of the logarithm of the term-frequency density that must equate ln(rtf c ) and σ 2 (ln(rtf c )) respectively:
In Eq. S10 we introduced the Lagrange multipliers γ, η and ν that are correspondingly associated to the constraints ln(rtf c ) , σ 2 (ln(rtf c )) and the normalization condition of the probability density function p c (x). From the maximization of Eq. S10 with respect to p c (x), ∂S ∂pc(x) = 0, we obtain:
where we defined the constant µ = ∞ 0 ln(x) p c (x) dx, which is the average value of the logarithm of x according to the maximum entropy distribution p c (x). As a consequence, the probability density function p c is defined as:
As we did in the previous case, Sec. SI C 1, we must impose the normalization condition on the probability density function Eq. S12, i.e. the analogous of Eq. S5, and we must calculate the parameters η and γ, similarly to what we performed in Eqs. S7 and S8. Since we have already detailed the process to calculate the parameters in Sec. SI C 1, we do not report here the intermediate steps but directly the full expression of the probability density function:
Such probability density function corresponds to the lognormal that describes the distribution of a positive random variable x whose logarithm ln(x) follows a normal distribution. Thanks to the constraints imposed on the average and the variance of the logarithm of x, the parameters µ and σ 2 that appear in Eq. S13 can be directly calculated from the observed data:
Note that µ is a constant determined from the actual data and is not a function of σ 2 . In contrast, in Eqs. S7 and S8 the parameters λ and s were coupled. The maximum entropy S max associated to the probability in Eq. S13 is then:
In main text, for each concept c, we defined its residual entropy, S d (c), as the difference between the maximum entropy S max (c) and the conditional entropy S c (c) (unless explicitly indicated, we avoid to specify concept c in the notation). Here we show that S d , used to characterize the generality of the concepts, is exactly equivalent to the Kullback-Leibler divergence (KL), a widely used measure used to compute the difference between two probability distributions [56] . More specifically, we consider the KL between the maximum entropy probability distribution p (see Eq. 5) and the empirical observed one q. For the sake of simplicity, we demonstrate here the case where p and q are probability mass functions describing discrete random variables, although the same reasoning can be used in the case of probability density functions. In particular, we recall that q(k) denotes the observed probability that the tf of a given concept is equal to k, which corresponds to
Na , where N (k) is the number of papers where the concept appears k times and N a is the total number of papers. The Kullback-Leibler divergence from p to q is defined as:
The last term in the Eq. S16 is nothing else, apart for the sign, than the conditional entropy S c :
The first term, instead, can be rewritten using the maximum entropy probability p (see Eq. 5) as:
Plugging the results of Eqs. S17 and S18 into Eq. S16 we get:
Hence, for a given concept c, the KL divergence of between p and q coincides with the residual entropy S d = S max − S c .
E. Comparisons between sets
1. Comparison between concepts' rankings based upon residual entropy or IDF Despite being both defined on the collection under scrutiny, the IDF and the residual entropy S d encode different information. One penalizes concepts present in many papers; the other is more intrinsically related to the distribution of the frequency of a concept. As a consequence, we expect to observe some correlation among them albeit being two different indicators. To compare the list of concepts ranked upon their residual entropy, S d , or their inverse document frequency, IDF , we compute the overlap, O n,m , between the set of concepts falling in the n-th slice of the percentile of IDF , A n , and the set of concepts falling in the m-th slice of the percentile of S d , B m . By k-th slice of the percentileP of a probability distribution p(x), we refer to the range of values of x such that x ∈ P k−10 ,P k , k ∈ {10, 20, . . . , 90}. Thus, we have:
with O n,m ∈ [0, 1]. As usual, O n,m = 1 denotes complete overlap between the two sets, while O n,m = 0 denotes that the sets have no element in common.
Comparison between communities
One of the standard measures used to compute the overlap between two communities of a networked system is the Jaccard score J [57] . Given a graph G with N nodes, several methods can be used to retrieve its organization into modules [48] . The Jaccard score between a pair of sets of nodes (i.e. modules) A and B, J A,B is given by:
A value of one denotes complete overlap between the two sets (i.e. the sets are the same), while a value of zero denotes that the sets completely different.
SII. DATASETS
In this section we provide the details of the collections of documents used in our study, namely: Physics 2013 (Sec. SII A) and climate change (Sec. SII B), respectively. Here, we anticipate that the maximum entropy model based on term-frequency tf c , described in Sec. SI C 1, will be used for the Physics 2013 collection, while the model based on term-frequency density rtf c will be adopted for the climate change collection. We decided to work with two different maximum entropy models since the distribution of the document length exhibits different traits for the two collections, as shown in Fig. S3 . More specifically, the document length for Physics 2013 collection displays a typical value of 3000 words, while for the climate change collection it does not present a characteristic scale and is quite inhomogeneous. In the following, for each collection of documents, we comment how the data have been collected and how the progressive pruning of concepts reveals their organization into topics. The documents of the Physics dataset are scientific manuscripts submitted to the arXiv [58] archive, a repository of electronic preprints of scientific articles spanning several domains of science. We selected manuscripts submitted during year 2013 under the physics categories either as primary or secondary subjects resulting in a corpus of N a = 52979 documents. In Tab. Si and Fig. S4 we report the composition of the collection in terms of these main categories: physics (physics), condensed matter (cond-mat), astrophysics (astro-ph), quantum physics (quant-ph), mathematical physics (math-ph), nonlinear sciences (nlin), general relativity and quantum cosmology (gr-qc), nuclear physics (nucl) and high-energy physics (hep). The last two further divides into theory (nucl-th) and experiment (nucl-ex) for nuclear and theory (hep-th), phenomenology (hep-ph), lattice (heplat) and experiment (hep-ex) for high-energy. The interested reader can check [58] for a more detailed description of each category. From the donut chart (Fig. S4) it is clear that the collection is highly inhomogeneous with cond-mat and astro-ph categories summing together almost half of the entire collection, while gr-qc, nucl, math-ph and nlin not even reaching the 13%. The topological characteristics of the similarity network obtained from this collection are reported in the first row (p = 0%) of Tab. Sii. The other rows, instead, refer to the networks obtained removing a percentage p of concepts using the entropic filtering. The first row (p = 0%) corresponds to the original network, while the others to the networks obtained using the maximum entropy filter. In the columns we report: the percentage of filtered concepts p, the number of concepts Ncon, the number of articles containing at least one concept (nodes) Na. the link density ρ, the average and maximum degrees, k and kmax, the average clustering coefficient C , the average path length l and the number of connected components M . The minimum edge weight is equal to wmin = 0.01.
Two-dimensional tessellation
Although the entropic filtering outperforms the two-dimensional tessellation one, we have decided to compute anyway the position of concepts on the ( tf , df ) plane to check if such representation highlights some interesting features. First of all, we remark that the distributions of such quantities are both heterogeneous, as shown in Fig. S5 . Thus, establishing a threshold on quantities that miss a characteristic scale is not properly justifiable. Then, in Fig. S6 , we report the position of concepts on the ( tf , df ) plane. More specifically, in panel (A) we colored concepts according to the class they belong to, as outlined in Sec. SI A: 46% of them (the green circles) are thus defined as significant by the tessellation scheme. As a comparison, in panel (B) we color each concept according to the value of its residual entropy percentile p: apart from the stratification of the residual entropy percentiles, we are unable to spot any other significant features.
The conditional entropy S c used in the entropic filtering is able to capture a peculiar trend of the common concepts (CC) not only when examined against the average term-frequency tf (see Fig. 1, panel (A) ) but also in the case of the average logarithm of the term-frequency, ln(tf ) , as displayed in Fig. S7 . The computed parameters of the maximum entropy model associated to the discrete tf , i.e. a powerlaw with cutoff, outline the trend followed by the maximum entropy distribution of the concepts.
We recall from what we discussed in the main text that the exponent of the powerlaw part, s, is characteristic of the process that drive the observed distribution of the tf . The striking maximum shown by its distribution in Fig. 2 is particularly significant: it is at s = 3/2, a value which strongly suggests the presence of a branching processà la Galton-Watson type behind distribution which gives rise to the observed tf sequence. For the sake of completeness, we display the distribution of the exponential cutoff λ in Fig. S8 . Note that, in this case, the distribution is peaked around 0. refers to the distribution of the average term-frequency, tf . In both panels, we reported the powerlaw fit of the distribution along with the powerlaw parameter α and its standard deviation. Powerlaw fits are displayed to highlight the trend of the distributions but are not meant to be the best fitting models. Nevertheless, both distributions have a broad shape, indicating that the variability of their values is high, eventually lacking a scale that sets a typical value.
FIG. S6. Two-dimensional tessellation filtering for the Physics 2013 dataset. In panel (A) the shape and color of the points account for the region they fall into (see Fig. S1 ). Ubiquitous concepts (red starts) are 4.6 %, rare/specific concepts (cyan triangles) are 11 %, significant concepts (green circles) are 46 %, while the remaining concepts (orange squares) are 39 %. Black diamonds represent concepts marked as generic in the ScienceWISE ontology and the solid black line is a guideline of their average position. In panel (B), instead, points are colored by the percentile p of residual entropy they belong to, as reported in the color bar. This figure is the same displayed in the bottom right corner of panel (C) in Fig. 1 . Logarithmic scales are used to improve the visualization. 
Differences between S d and IDF rankings
In Fig. S9 we plot the overlap score O, (Eq. S20), of the lists of concepts belonging respectively to the n-th and m-th percentile slices of IDF and S d . In the case of IDF , concepts are ranked from the most frequent (i.e. having the smallest IDF ) to the least one. In the case of residual entropy, instead, we rank concepts from the closest to its maximum entropy (i.e. smallest S d ) to the further away. According to the definition of O, matrices are normalized by row. The analysis of the overlap matrix denotes the presence of a certain degree of similarity in the region near the main diagonal. Within such region, with the sole exception of O 10,10 , the average overlap is around 15% indicating that -in general -more frequent concepts tend to fall in higher percentiles of the residual entropy. The O 10,10 element, instead, has a value around 50%, denoting a remarkable affinity between these sets. This means that generic concepts are, to some extent, also those appearing more often within the collection albeit this is not always the case. 
Comparison between communities of networks obtained with different filtering criteria
In Fig. S10 we report the heatmaps of the Jaccard score J (see Sec. SI E 2) computed between the communities of the similarity networks obtained by pruning out a given fraction f of concepts according either to their IDF ranking (horizontal axis) or to their S d one (vertical axis). Each column corresponds to a different amount of removed concepts spanning from 10% to 30%. Overall, the Jaccard heatmaps tell us that there is always a certain degree of similarity among the communities found after filtering according to IDF and S d . However, the overlap fades away as the system begins to display a richer topic/community organization in response to the increasing amount of concepts removed. More specifically, as p increases, we notice the coexistence of one group of communities present in both networks and another group of communities characteristic of a given filtering criterion. Such coexistence is yet another proof (as already shown in Secs. SI B, SI E 1 and SII A 3) that using residual entropy to filter the network is not equivalent to the filtering based on the other previously existing methods.
Ranking of concepts within papers
In the following, we want to understand if the entropic selection of concepts could be used also to rank concepts and, in turns, use those rankings to classify documents. To this aim, we select ten highly cited documents from the collection (see Tab. Siii), and for each of them we consider rankings based on TF, IDF , TF-IDF and S d respectively. Next, we order concepts from the most generic to the least one according to the four rankings. This translates into sorting either in descending order (TF, TF-IDF) or in ascending one (IDF , S d ). The results are reported in Tab. Siv.
Qualitatively speaking, the ranked lists of concepts presented in Tab. Siv seems to confirm, on one hand, the inability of S d and IDF to fully grasp the subject of each article. On the other hand, instead, TF and TF-IDF perform remarkably better in the same task. However, these conclusions are not surprising: both S d and IDF are global measures, defined on the whole collection in order to quantify the importance of a concept for the entire collection. Conversely, both TF and TF-IDF are local measures that capture the significance of a concept within papers. Tab. Siv shows how the generality of a concept depends on the criterion used to rank it. It is also worth to see how the selective removal of concepts reverberates on the rankings. To this aim, we report in Tab. Sv the ten most generic concepts as a function of the filtering intensity p going from the original set (p = 0%) to the optimal level (p opt = 30%) as defined in Sec. SIII A. At first glance, we observe how increasing the aggressiveness of the filter produces an immediate decrease of the number of concepts marked as common by SW. More importantly, we clearly see how the pruning removes also concepts classifiable as generic that have not been marked as such by SW. The information presented in Tab. Sv confirms the power of our filtering methodology.
In analogy to what we have done in Tab. Siv, we check if S d still outperforms other rankings also in the filtered networks. For this reason, in Tab. Svi we report the rankings of the concepts at the optimal level of filtering (p opt = 30%). A quick glance at its columns tells us that, albeit being more specific, concepts ranked using S d are still capable of describing the content of the document, outperforming measures like TF and TF-IDF. In this section, we present the results obtained for another dataset originated from a collection of web documents on climate change. It is worth stressing that, on average, a web document lacks the same structural organization of a scientific manuscript. This is partially due to the fact that such kind of documents convey information in a perspective different than those of a scientific document on the same topic. Web documents have almost no limitations in length, they can simply report facts (news releases) or provide an opinion on a given subject. Moreover, contrary to the case of Physics, the ScienceWISE platform does not have an ontology on climate change. Therefore, we do not have access to the validated concepts but, instead, directly to the keyword extracted by ScienceWISE machinery.
Source
Our collection of web documents has been extracted from the pool of documents available within the ScienceWISE database. More specifically, SW has a collection of tweets on climate change, posted between January and June 2015, that was compiled using Twitter API [59] through several harvesting campaigns. From the original pool of tweets, we kept only the original ones, thus culling mentions, re-tweets and other similar "non original" posts. From the original tweets, we kept only those written in English containing at least one URL. Such procedure returns a list of distinct URLs pointing to web documents (approx. 50 millions) ranked according to the number of tweets pointing to a each URL. We then select the top 100,000 most "tweeted" URLs. To ensure tematic consistency with the "climate change" topic, only documents with at least one of 165 specific concepts in their URL are retained.
The above procedure returns a set of 30705 documents. To discard documents excessively short, we decided to consider only those with, at least, L min = 500 words. After this thresholding, our collection is made of 18770 documents. To extract the keywords from these documents (and the tweets associated with them) we used the KPEX algorithm [53] , since it is natively implemented in the SW platform. The KPEX extraction returns 822601 unique keywords which were stemmed first and then lemmatized, returning a final set of 152871 keywords. Since SW platform does not have a cured ontology on climate change, n-grams extracted from KPEX are simple keywords and thus cannot be called concepts in a strict sense, albeit we will continue to do so in the rest of the manuscript. The main features of the similarity network obtained from this collection are reported in the first row of Tab. Svii.
Entropic filtering
Given the high heterogeneity of the collection in terms of document length L, already pointed out in Fig. S3 , we decided to use the tf density, rtf , instead of its raw value ending in a lognormal maximum entropy distribution (see Sec. SI C 2 for details). Moreover, keywords for which max(rtf ) − min(rtf ) < 0.005 are ignored, since it is better to discard terms that have similar values of rtf . Thus, the number of keywords gets shrunk to 9222. The location of points on the S c , S max plane is reported in Fig. S11 . As for Physics, we clearly observe a stratification of the residual entropy S d on the plane confirming the validity of our filtering criterion. Among the generic concepts in the percentile slice p = 10 we find "people", "climate change", "water", "home" and "company". On the other hand, between concepts at the percentile slice p = 50 we recognize "palm", "whale", "Boulder", "metal" and "shop". The selective removal of concepts based on S d alters the topological properties of the similarity network, causing its overall sparsification as reported in Tab. Svii.
Sankey Diagram
As for Physics 2013 collection, the Sankey diagram shown in Fig. S12 is useful to understand the progressive specialization of the organization of topics in response to the selective removal of concepts. However, one significative difference captures our attention: the presence of a remarkable condensation phenomenon taking place around the extreme weather/energy storage communities going from p = 5% to p = 20%. To gain insight on such phenomenon, for each community, s, we study the coverage Γ s ( C) of the set, C, of top twenty most locally used concepts. The coverage of a set of concepts Γ s ( C) ∈ [0, 1] is defined as the union of the sets of documents where those concepts appear divided by the size of number of documents in the community N The first row (p = 0%) corresponds to the original network, while the others to the networks obtained using the maximum entropy filter. In the columns we report: the percentage of filtered concepts p, the number of concepts Ncon, the number of web documents containing at least one concept (nodes) Na. the link density ρ, the average k , and maximum degrees kmax, the average clustering coefficient C , the average path length l and the number of connected components M . The minimum edge weight is equal to wmin = 0.01.
in community "???" suggests that documents condense into a single community as a result of similarities associated to small groups of concepts weakly linked together. The intimate origin of such condensation, however, is the presence of keywords whose distribution does not resembles a lognormal, as shown in Fig. S13 for the 10 most frequent ones. Hence, the dissimilarity between the sampled distributions and the lognormal fits is at origin of the feeble ability to describe the content of the webdocs at the community level. Once we get rid of these keywords, the interactions holding together this huge condensed community vanish -or become weaker, at least -and the system breaks apart showing communities that address more specific topics.
Differences between S d and IDF rankings
Using the same formalism of Sec. SII A 3, the overlap between the list of concepts ranked alternatively using S d or IDF is shown in Fig. S14 . The heatmap presents a narrow peak of O located on the main diagonal. Compared with the Physics collection, the overlap is much higher and corresponds exactly to the diagonal elements denoting a much stronger relation between IDF and S d . 
SIII. FILTERING
In this section we provide some details concerning the choice of the optimal level of filtering (Sec. SIII A) and how to implement the entropic filtering (Sec. SIII B). 
A. Optimal filtering
In Fig. S15 we report the average size, N , of the communities found at different filtering intensities p together with the size of the ghost community. The optimal value of filtering can be estimated as the maximum of p for which the size of the "ghost" community is below the average size of the communities. In this way, the intersection between these two curves indicates the optimal value of filtering p opt which is equal to 25% in climate change while, instead, in Physics is between 30% and 40% for discrete tf and at 40% for the tf density, rtf . 
B. Numerical implementation with pseudocode
In this section we present a step-by-step description of the algorithm used to implement the entropic filtering of concepts. We comment the cases of null model based on power-law distribution with a cutoff first (Sec. SIII B 1) and lognormal then (Sec. SIII B 2). Our pseudocode is written using the Python programming language [60] and we make use of several functions available in the scipy ecosystem [61] .
The core of the method is the comparison between two entropies: the actual/experimental one S c and the expected/theoretical one S max drawn from the the distribution obeying the maximum entropy principle. Given a collection of documents D, for each concept c appearing inside a document d ∈ D, ScienceWISE provides its boosted term-frequency tf d (c). Such quantity encodes the relevance of the concept taking into account where it appears. If we consider each document formed by three parts: title, abstract and body, the boosted tf is given by the sum of these contributions:
• the number of times c appears in the body;
• the number of times c appears in the abstract multiplied by a factor of three;
• the number of times c appears in the title, multiplied by a factor of five.
It is worth mentioning that, in the case of tf density, this quantity is divided for the length of document d, L(d), hence:
Discrete tf
Given a sequence of M values X = {x 1 , x 2 , . . . , x M }, the corresponding probability mass function is given by:
where N (x) is the number of times the variable X has value x, while M is the total number of values of X . In our case, X is the tf sequence of a concept c and P (X = x) is the probability that tf c = x, i.e. the ratio between the number of documents N (x) where a concept appears x times and the total number of documents where c appears, M . Given such definition, we denote with X , σ X and ln (X ) , respectively: the average, standard deviation and average of the logarithm of X . The algorithm is made by the following steps:
1. Collection of the tf :
For each concept c, we collect the values of its tf into a list, l tf . After that, we compute the standard deviation of the set of values in such list, σ l tf . If the standard deviation is equal to zero, then it means that either the concept has appeared in only one paper or that it has appeared always the same number of times within the papers. Hence, we discard such concepts since their entropy is zero. For the remaining concepts, we count how many times tf c = k ∈ l tf ∀ k and store such number into another list named tf exp c . Thus, the probability that concept c has a given tf is:
2. Extraction of fit parameters:
In order to get a power law with a cutoff using the Lagrange multiplier method, we need to impose two constraints: the expected value of tf th and of ln (tf ) th have to match the same quantities computed on the data, as discussed in Sec. SI C 1. The analytical form of the maximum entropy distribution becomes: 
where Z is the normalization constant corresponding to the polylogarithm function Li n (e −λ ) of order n and argument e −λ , defined as:
Given a sequence of M continuous values X = {x 1 , x 2 , . . . , x M }, we define the probability to observe a value between x and x + ∆x as P (x, x + ∆x). To compute such quantity, we have to consider the probability density function p(x) and integrate it across the interval, such that:
Under this assumption, the algorithm is made by the following steps:
1. Collection of rtf :
For each concept c, collect its rtf values into a list, l rtf . In analogy with the case of discrete tf , we discard those concepts having max(rtf ) − min(rtf ) ≤ 0.005. Then, we create a binning {∆k} of the interval [min(rtf ), max(rtf )] and compute the empirical probability, P , that the rtf assumes a value between k and k + ∆k , using Eq. S28.
Extraction of fit parameters:
Since the form of the lognormal distribution, Eq. S27, the parameters µ and σ that determine it are directly calculated from the empirical rtf list, l rtf , as µ ≡ ln(l rtf ) and σ ≡ σ(ln(l rtf )), where the last term denotes of the standard deviation of the logarithm of the term-frequency density l rtf .
Computation of the residual entropy:
After obtaining parameters µ and σ, we compute the residual entropy, S d , using a discrete version of the Kullback-Leibler divergence given by:
where the sum is performed over the set of intervals used for the binning {∆k}. It is worth stressing that such binning is the same for both P and Q. Such operation is achieved by the following code: data distro and th distro contain the values of the probability distribution functions evaluated at the center of the intervals {∆k} for the observed sequence l rtf and the theoretically expected one.
